Abstract-Long range and high endurance Autonomous Underwater Vehicles such as gliders enable sustained oceanographic sampling at larger time-scales and much lower operational costs compared to traditional ship-based sampling methods. While most path-planning methods for AUVs optimize paths with respect to efficiency, obstacle avoidance, and control they do not explicitly address the issue of finding the safest possible path when considering risks such as shipping traffic and bathymetry. In coastal regions with high shipping traffic, reducing collision risk at the path planning stage, at the expense of efficiency, is a worthwhile trade-off. We propose a method of building risk maps using historical data from the Automated Information System. These are used to plan minimum risk paths between a specified start and goal location, while avoiding obstacles, using an algorithm based on A * search. Our planner incorporates the uncertainty in dead-reckoning without explicitly considering the effect of ocean currents. We compare the relative risk of paths produced by our method when compared to a shortest-path planner which does not take risk into account, and show that our methods performs significantly better, while producing competitive paths lengths.
I. INTRODUCTION A. Motivation
Autonomous Underwater Vehicles (AUVs) and slow moving Autonomous Underwater Glider Vehicles (AUGVs), provide sampling platforms which have long ranges during deployments while sacrificing speed to gain mission longevity. Many scientific applications involve slow moving phenomena for which gliders make ideal sampling platforms. Since they are cheaper to operate in comparison to a ship, deploying gliders or AUVs in large numbers for a long duration of time makes it possible to improve the sampling capabilities in a given region significantly, thus overcoming many drawbacks inherent to such slow platforms.
Slocum gliders, [10] are efficient AUVs with an endurance of approximately 1 month. They dead-reckon between waypoints, correcting for observed currents as they execute a mission to improve upon navigational accuracy in a future section of the mission. Gliders accumulate error in their position estimates over time making it advantageous for them to surface regularly to get a GPS fix beside transmitting collected information. At the surface however, the glider is exposed to risks of collision with larger marine vessels such as ships, especially in a region with heavy shipping traffic such as that near the ports of Los Angeles and Long beach. Hence it is important to be able to plan paths for the gliders consisting of waypoints that make it surface in safe locations while traversing between the desired locations.
The Automated Identification System (AIS) is a system for automatically identifying and locating vehicles by electronically exchanging messages with other ships as well as Vessel Traffic Services (VTS) stations. The information provided includes an unique identifier for each AIS transceiver, a position, course, speed etc. The International Maritime Organization's (IMO) International Convention for the Safety of Life at Sea (SOLAS) requires AIS equipment to be fitted aboard all international ships with a gross tonnage (GT) of 300 tons or more, as well as all passenger ships regardless of tonnage. AIS is useful in collision avoidance -given the position of larger vessels, their speed and course assists in steering the vessels safely amidst traffic so that the vessels may plan safe paths accordingly. This is usually in addition to the ship radar. Local VTS stations utilize AIS information to manage ship traffic. AIS can provide them with the kinds of ships in their local area and their movement. Figure 1 is an overlay of the AIS data in the Southern California Bight within which we have operated two gliders (color coded to differentiate between the two vehicles). We see the surfacing locations for the gliders during the first four months of 2010, which is also the duration for which we have historical AIS data for the region. Various operational and planned base-stations for the region can be used to allow faster data communication between the glider and a base station in range. Figure 1 shows an overlay of the AIS data from 2010, for the entire Southern California Bight region. Regions with higher chances of collision are color coded lighter in the occupancy grid. The twin shipping lanes along the coast leading into and leaving the ports of Los Angeles and Long Beach are clearly visible. There is also a significant amount of traffic between the mainland and the south-eastern tip of Sanata Catalina Island which shows up as another fairly clear line. The officially specified shipping lanes which are along the coast, line up very well with the AIS data along the coast.
B. Related Work
The Rutgers University Coastal Ocean Observation Laboratory, [5] describes how a large-scale coastal ocean observatory consisting of ships, gliders, moored sensors and HF-radars can provide sustained coastal observations that give a much clearer picture about coastal ocean phenomenae. Gliders due to their long endurance allow for sustained oceanographic sampling, with a servicing time which can be as short as a day. This gives unprecedented sampling capabilities to oceanographers and marine biologists. CINAPS at USC [11] also has a coastal observatory consisting of Slocum gliders, robotic boats, networked sensor buoys, HFRadar and communication sites, which are operated together to study scientific problems such as Harmful Algal Blooms.
Path planning for Autonomous Underwater Vehicles is a well-studied problem. Most of the challenges in pathplanning are due to the ocean being a very dynamic environment with currents that typically have different velocities at different depths. Typically path-planning for oceanographic applications involves planning lawn mower patterns of motion that explore some portion of the ocean. In more complex regions where there are obstacles due to the water being shallow or due to the presence of shore features, planning paths that do not run into obstacles becomes imperative. In [2] , Carroll et al, describe a path planner using bathymetry, exclusion zones and ocean current databases to generate path corridors along great circle routes using A * . This algorithm finds path corridors that satisfy path constraints such as minimum depth, desired depth, maximum depth, width and fuel resources. In [8] , Petres et al, introduce an algorithm called Fast Marching (FM) and extensions to it to deal with underwater currents. In this algorithm, they can specify the curvature of the final path which allows the turning radius of the vehicle to be used. While this is useful in lower-level planning involving control, the spatial scale at which we plan for gliders is often too large to allow us to meaningfully plan paths at such a low-level. Our planner plans paths consisting only of waypoints while allowing the vehicle's lower-level controllers to aim for these locations as best they can.
Fighting ocean currents can be an energy-expensive task. In some cases such as estuarine environments, [7] or in areas with time-varying ocean currents [14] , algorithms that exploit the current to conserve energy and find paths that can provide significant gains in speed when making use of currents that help them move faster. These methods typically require a fairly well understood model for the flow of currents in order to exploit them, and may produce arbitrarily poor results if the actual conditions are very different from the values predicted by the models employed. Gliders are slowmoving vehicles and are affected by currents even more than AUVs which are usually capable of higher speed in water since they have their own motorized propulsion. Most ocean models are not accurate enough to predict currents several days into the future, and therefore pre-planning long range paths based upon currents might not produce very favorable results. These techniques might also be difficult to use if it is important to visit locations in some order which contradicts the efficient path. Informative path planning [1] , can drive planning paths that are driven by information gain in an attempt to reduce the uncertainty of a given region. Das et al [3] , describe another form of path-planning which deals with planning in the Lagrangian frame, a method which allows for simultaneous tracking and sampling using Lagrangian drifters to track moving features in the ocean such as plumes.
Hazard avoidance map building, both offline and online especially for UGVs [13] has been studied and is well documented in the literature. In [4] , Filippis et al, discuss the construction of risk maps based upon ground orography, which is then used to plan minimum-risk paths for UAVs using A * and a genetic algorithm. They also perform smoothing on their paths so they can be used for trajectory control on an UAV.
In this paper we describe an optimal path planning algorithm to find minimum risk-paths from a start to a goal location, under a constraint on the maximum distance between consecutive surfacings, while implicitly handling uncertainty in dead-reckoning.
II. PROBLEM DEFINITION
Our goal is to find the minimum risk path P * for travelling between the given start and goal waypoints,
where w i is a waypoint along the path P = {w 1 , w 2 , ...}, under the constraint that
where i ≥ 2, assuming the start waypoint is w 1 . Here e(w i , w i−1 ) is the length of an edge between waypoints w i and w i−1 , and d max is the maximum distance the glider is allowed to travel before it needs to transmit its data. For simplicity we assume that the glider requires a constant amount of time at each waypoint to transmit its data. Although the actual motion of the glider is in 3 dimensions, we treat this planning problem as 2 dimensional, because we can plan a deep dive between each waypoint to dive under risky regions as shown in Figure 4 . We use a binarized bathymetric map by thresholding the minimum depth for safe operation of the gliders (taking tides and kelp forests into account). We assign the risk for each of these static obstacles to the maximum risk value. The risk map shown here has undergone a Gaussian blur to account for the uncertainty in the glider navigation while executing the mission. Here, lower risk is black while increasing risk is lighter (highest risk is white).
III. PROPOSED SOLUTION
To find the minimum risk path, we consider the risk map created as described in section III-A.
We use A * search [6] , [9] to find the minimum risk path to solve the problem specified by equations 1 and 2. A * uses a heuristic function h(w k ) that minimizes the estimated cost to goal to help improve the cost function of Uniform-cost search which minimizes the cost of the path so far g(w k ), where w k is the waypoint or node being evaluated during the search for the minimum-cost path.
where g(w k ) is the path cost from the start to the last waypoint on the optimal path explored currently in the search.
We use the heuristic function h(w k ) which we set to risk min which is the globally minimum risk value among all cells on the risk map.
h(w k ) = N * risk min (4) and N is the number of waypoints to the goal from waypoint w k assuming the glider uses the minimum number of surfacings along the straight line path between w k and the goal waypoint, such that it satisfies the constraint from Equation 2. Equation 4 is an admissible heuristic because it never overestimates the cost to reach the goal. This is because we are using the minimum possible number of surfacings, as well as the minimum risk. Although this heuristic always evaluates to zero if there are any cells of zero risk, it comes into play when we start scaling the minimum risk to avoid longer paths, which we discuss in section III-C. Figure illustrating the GetNeighbours † (C) step in our A * search for the shortest risk path while using the d max constraint. The blue circle indicates a region that encloses all nodes around a node at the frontier of expansion, where we compare the cost of all nodes around it which are under d max distance away. All nodes around C in the open − list have their parent-pointers pointing to C, since it is the minimum f-cost node. In this figure a darker cell refers to one with higher risk, and the lowest-cost path should be one that picks lighter cells in order to achieve the minimum total path risk. At the next stage of the algorithm, if node E has the minimum f-cost, it will be the next node at the search frontier.
where w e is the goal way-point, and is the floor function. The cost function we use to choose the search expansion node is . An illustration (not to scale) of how a glider plan is modified between a set of way points w k and w k+1 such that the glider stays deeper while traversing the segment through a risky area. For every segment that has a risky area which the glider might pass through, the glider will need to stay deeper.
A. Risk Map Creation using AIS Data
We create risk maps which we represent in the form of probabilistic occupancy grids. In this work, we have used grid-resolutions of 100 m x 100 m for each cell. Planning
x ← node in open with minimum f [] value 8: if C = T then P.Append(S), P ← Reverse(P) end for 38: end while 39: return "Path not found" at a lower resolution helps speed up the search but gives up on resolution in glider positions in the path being planned. Each vessel equipped with AIS transmits several messages which contain an unique identifier for the vessel, the vessel's location, course, speed and heading among many others. We use this information to find which cell is occupied by each unique vessel in a fixed window of time.
If the vessel is moving, it may occupy several cells over a few hours, while if it is stationary, it will only occupy a single cell over all those hours. If there is no vessel in a given region, we assume there is only some R min risk in that region. When a vessel emits multiple position messages in an hour, we average all its messages in that time-window and consider the cell in which this average falls to be the one that it has occupied during that hour.
where O(x, y,t ) is the occupancy of the cell (x, y) during a block of time t . M is the number of blocks of time for which the occupancy data is being accumulated. As stated earlier, we only consider the locations of each unique vessel in a given block of time. If the vessel emits multiple messages we treat its location to be the average of all positions reported during that time. Although this averaging may not reflect all cells that a particular ship was in during a particular hour, we care only that it reflects the overall risk when summed over many ships and a longer period of time.
We can treat this occupancy map as a risk map, because a ship and a glider at the surface co-occupying a single grid cell can lead to a high chance of collision between the two, and this map allows us to evaluate the chances of a cell being occupied by a ship in a given amount of time. Hence we can treat this as a probabilistic measure of how risky a given cell is for a glider to surface in.
In this work, we use AIS data collected during the first four months of 2010 in the Southern California Bight region to produce a set of occupancy grids at an hourly discretization. We construct the occupancy grid by summing up the occurrences of a ship having been in each cell through the entire period of time we are considering as history of ship traffic for the region. During practical implementation of A * representing the risk map as integers is more efficient than converting it to a floating point representation. Hence we do not divide the total occupancy map by M and we consequently have path risk values which are integers.
B. Dealing with Dead-reckoning Uncertainty
As discussed in [12] , since the glider dead-reckons underwater and is a very slow moving vehicle, there is a large degree of uncertainty involved in the glider's bearing, actual velocity achieved in the water (due to the effect of currents), and consequently the achieved surfacing location can be substantially different from the planned location. This error usually grows with increasing lengths of the glider paths between waypoints. The distance limit on how far the glider is allowed to travel before it is forced to surface to retransmit data can also keep the glider surfacing often enough to be fairly accurate. We know through analyzing all glider surfacings in our coastal region that our glider has a standard deviation of approximately 1.1 km.
We use a two-dimensional Gaussian mask G(x, y) to approximate the probability that the glider will surface in a region around the desired location. For any waypoint w i under consideration we apply this Gaussian mask to obtain the risk value associated with it by taking into account the fact that the glider might not surface at the exact location.
where σ is the standard deviation on the dead-reckoning of the glider expressed in grid-size units. This mask when convolved with the risk map gives a risk value which is weighted by the probability that the glider might surface at locations around the desired location, thus incorporating the uncertainty associated with surfacing at that waypoint in the mission plan. The size of the kernel function is typically chosen to be the nearest odd integer to 6σ . For a glider with a standard deviation of σ =1100 m, on the discrete grid, at a grid resolution of 250 m, the 6σ kernel operator is of size 27 x 27 elements. We convolve this Gaussian mask with the risk map which helps serve two purposes. The first allows us to account for glider dead-reckoning uncertainty, while the second helps us spread the risk to neighboring cells so we don't have noisy low-risk areas in the middle of high-risk cells, which could make the planner erroneously pick one of those locations for surfacing at. If a better motion model were to become available, we can convolve that probability distribution with the risk map accordingly, but this would need to be done at run-time instead of the map pre-processing stage as done in this work. We noticed an improvement of up to 30 times by pre-processing the risk map with the vehicle's Gaussian mask relative to evaluating it at run-time. Another approach that may be used is to use σ as a function of d max to account for the growing dead-reckoning uncertainty with increasing path length between waypoints.
C. Dealing with Arbitrarily Long Paths
The A * planner we propose finds the minimum risk path between start and goal. Unfortunately, this path could be fairly long and might be infeasible since it might not meet the criteria of energy available for the glider. Hence the user may specify a budget constraint on the length of the path P max .
If our planner returns a successful planned path P * , we test if:
This value of P max must be larger than the shortest path between the start and goal locations for the algorithm to have a solution. We modify a parameter α which modulates the risk map such that we can increase the nominal risk over the entire map.
If risk (x, y) > R max , risk (x, y) = R max . The purpose of α is to provide a human-tunable parameter that allows an operator to allow increased risk to obtain shorter paths, based on their own judgement. If this number is 0, the risk at the location will be the same as the original accumulated value. As we increase α toward 1 it becomes almost equally risky to surface everywhere on the map, thus forcing the path to be shorter until we are essentially finding the shortest path between start and goal when there is a constant cost R max to go from one waypoint to another. At this point the planner would select the minimum surfacings waypoints along the shortest path to go from start to goal, thus avoiding longer routes.
IV. RESULTS
We compare the paths planned by our method with those planned by two other algorithms, which we call Shortest − Path − Low − Risk method, while the latter is called Min − Risk − At − Sur f ace − Path.
Shortest − Path − Low − Risk first finds the shortest path from start to goal based on 8-connectivity. Then it uses dynamic programming to choose the lowest risk set of waypoints at which to surface along that path while still satisfying the d max constraint. Min − Risk − At − Sur f ace − Path starts by finding the lowest risk path assuming 8-connectivity, and then also uses dynamic programming to choose the lowest risk set of points at which to surface.
In Figures 5, 6 we show these as the blue and green lines respectively. Our path-planner for minimum risk paths with a constraint on the dive length between waypoints to d max has the lowest risk among all three paths. Our algorithm produces the same path as the Min − Risk − At − Sur f ace − Path path when d max is set to a distance equivalent to one cell on the occupancy grid map. This is similar to planning a path that surfaces in every cell between the start and goal location. For values larger than d max however, it always finds lower risk paths. Figure 5 shows paths planned by all three algorithms to go from a start to a goal waypoint which we have manually planned for in the past based solely upon information about the official shipping lanes. The manually planned path is very similar to the Shortest − Path − Low − Risk path which is 11.8 times riskier than our Min-Risk path (shown as red lines) while being only 1.1 times longer. For this choice of start and goal locations, the Min − Risk − At − Sur f ace path is even riskier overall, being 33.4 times riskier than our MinRisk path while being 3.23 times longer than that found by the Shortest − Path − Low − Risk algorithm. In Figure 6 , we choose our start and end waypoints such that the shortest path would cross a large number of shipping lanes with high risk. We notice that in this case the shortest path is very risky in comparison to that found by our algorithm -it is approximately 5200 times riskier, while being only 3.3% shorter than our Minimum risk path. Our path is also significantly better than the Min − Risk − At − Sur f ace path, which chooses to avoid most of the shipping lanes by going around Santa Catalina Island. The Min − Risk − At − Sur f ace path is 750 times riskier than our minimum-risk method while being 42.8% longer. We chose d max to a frequently encountered value of 8 km for these plans. The paths with subset selection are constrained by the previous fully-connected A * search, to select paths that go through a region where it is impossible to select a subset of waypoints which have the lowest possible risk overall, while satisfying the d max constraint. Since we are dealing with very low probability events, only a few waypoints with high risks can significantly raise the overall riskiness of the path. Here Shortest-Path-Low-Risk algorithm is 11.8 times riskier than the minimum-risk-path chosen by our planner which is optimal w.r.t. risk and a given d max = 8 km. Even though the Min-Risk-At-Surface path's waypoints are chosen to minimize the total risk of the path at the surface while respecting the d max constraint, it is 33.4 times riskier than the minimumrisk path found by our method and 3.23 times longer than the shortest path algorithm. Fig. 6 . A path stretching from the Malibu basin to the coast off Orange county illustrates how aiming for the shortest path could lead to undesirable results. Even though our path is 3.5 km longer than the shortest path between the start and goal location, the shortest path is 5200 times riskier. The path planned by our algorithm picks the minimum risk waypoints all along the path for which it accrues R min at each waypoint. Fig. 7 . Plot of the variations in the d max constraint parameter. As we increase d max we see that the usual trend is for the paths to get shorter while the risk associated with that path reduces. This is because we allow the glider to dive under hazards for longer distances. Fig. 8 . Plot of variations in the α tuning parameter which allows the user to assign higher nominal risk to each waypoint. By increasing this value of α, we find that the minimum risk paths usually get shorter, since we are essentially allowing the glider to take a riskier path to the destination.
V. CONCLUSIONS AND FUTURE WORK A. Conclusions
We have proposed an algorithm that systematically creates risk maps for gliders based upon historical AIS data from ships. These maps are used to plan paths through a given region from a designated start location to a goal. The glider is required to surface within a distance d max , so that it can transmit data. We apply this constraint to paths planned both by the regular A * shortest-path search and the A * search on the risk map for the minimum risk path (while performing a single-step search). We also perform an A * search on the search space of the minimum-risk along with the d max constraint.
In Figure 8 we see how increasing the nominal risk for the entire map helps reduce the path-length for the same value of d max . The paths generally tend to get shorter as the user increases α (although this is not necessary). By increasing α, the user can adjust the path chosen, by allowing the glider to traverse a riskier region. We do not have a principled way to tune α, although using binary search to get to a reasonable value appears promising. From Figure 7 it is clear that as we allow d max to get larger, the expected total risk for the path reduces. While this is true to some extent, the glider's navigational accuracy begins to deteriorate with distance, and hence larger d max values could potentially increase the uncertainty in glider surfacings, which in turn could substantially increase the risk experienced by surfacing at a location which is significantly riskier than that intended. We find that the planner tends to take paths which are more direct toward the goal since it is easier for it to reach lower risk waypoints which might be located further away.
In conclusion, this paper explored the use of AIS data in path-planning for autonomous underwater vehicles in coastal regions with high shipping traffic. We use A * to plan minimum-risk paths through the risk map created using AIS data. We compare the minimum risk path to paths found using the shortest path and generic minimum risk path using A * on the risk map. We find that our minimum risk path outperforms the other two algorithms in terms of risk while being highly competitive in terms of pathlength. Minimum-risk planning is a useful objective which significantly improves operational safety for Autonomous Underwater Vehicles in high-traffic areas.
B. Future Work
In this work, we assumed that the glider transmits all data collected between the previous waypoint and the current one, before it dives again to travel to the next waypoint. By doing so, we are forcing the glider to transmit at every waypoint along the path after it begins mission execution. In the future we plan to utilize σ (blur used in modeling the location uncertainty of the glider as a function of d max ) to force the glider to surface more frequently to reduce navigation inaccuracy. We plan to investigate multi-criteria decision plans which combine communication maps with risk maps so as to increase communication utility while lowering the risk of a planned path.
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